1. Individual-based models (IBMs) are a powerful tool in predicting the consequences of environmental change on animal populations and supporting evidence-based decision making for conservation planning.
| INTRODUCTION
The marine environment is under increasing pressure from anthropogenic activities including overfishing, climate change and offshore developments such as wind farms (Halpern et al., 2012) . These installations may enhance the environment by creating de facto no fishing zones (Inger et al., 2009 ), but there is concern about the negative impacts they may have on Europe's breeding seabirds (Garthe & Hupop, 2004) . These impacts may include direct mortality from collisions (Drewitt & Langston, 2006) , as well as indirect effects such as altering energy budgets by forcing birds to travel further to forage (Masden, Fox, Furness, Bullman, & Haydon, 2010) , or increasing competition in alternative foraging areas. However, robust and consistent knowledge regarding seabird behavioural responses to wind farms is sparse (Fox, Desholm, Kahlert, Christensen, & Krag Petersen, 2006) ; some birds show avoidance behaviour, whereas others are attracted to these sites (Lindeboom et al., 2011; Poot, Horssen, Collier, Lensink, & Dirksen, 2012) . As an example of this uncertainty, Furness, Wade, and Masden (2013) assessed that Northern gannets Morus bassanus are one of the most vulnerable species to collision mortality from wind farms, although empirical evidence suggests that gannets often avoid wind farms entirely (Krijgsveld et al., 2011; Petersen, Clausager, & Christensen, 2004) . Indeed, few studies exist that are based on empirical evidence from existing wind farms (e.g. Krijgsveld et al., 2011; Lindeboom et al., 2011) , due to the relatively small number currently operating and the difficulty and cost of monitoring them (Fox et al., 2006) . Green, Langston, McCluskie, Sutherland, and Wilson (2016) conclude that the current methods to predict the impacts of offshore wind farms on seabirds are inadequate, and this demonstrates a demand to establish a robust methodology which can be used by planners to mitigate the impacts on seabirds, when identifying wind farm sites.
Evidence-based decision making is the preferred approach when responding to such pressures (Solesbury, 2001 ), but may be challenging when there is little empirical evidence as to how systems will respond to environmental change (Botsford, Micheli, & Hastings, 2003) .
Predictive modelling can fill this gap and individual-based models (IBMs; Grimm & Railsback, 2013; Sutherland, 1996) are widely used in many disciplines to model complex systems, for example, to predict the impacts of environmental change on shorebirds, seabirds and pinnipeds (Boyd et al., 2016a,b; Harwell et al., 2012; Langton, Davies, & Scott, 2014; McDonald, Searle, Wanless, & Daunt, 2012; Stillman et al., 2003; West & Caldow, 2006) . They differ from conventional models by modelling autonomous entities, and each individual's behavioural and physiological traits determine the properties of the system, for example, taking into account individual variation and an individual's interaction with the environment (Grimm, 1999) . For example, the functional response (relationship between intake rate and prey density) is often a key relationship underpinning IBMs, thus the individual's behaviour is a result of its own decision making which, in turn, is a result of its physiological state (Stillman, 2008) . Individual-based models (IBMs) provide a powerful approach to predict the consequences of environmental change in a variety of systems as the modelled individuals reflect real animal behaviour (Stillman, 2008) . Most importantly, they scale-up individual-level impacts to population-level impacts, and take into account the cumulative impact of spatially explicit disturbances within the home range of a population. Thus, IBMs are superior to methods currently used to predict the impact from wind farms, which focus solely on monitoring at development sites (Drewitt & Langston, 2006) , although they do not necessarily recognize impacts of specific developments across multiple colonies.
In an effort to address this critical gap in our understanding of the impacts of proposed offshore wind farms, we have developed a novel, spatially explicit IBM. Our model allows us to predict at a high spatial and temporal resolution how proposed wind farms in the English Channel and North Sea may impact the mortality and breeding success of a population of Northern gannets breeding in the English Channel.
We simulate the population both with and without wind farms, allowing (a) the gannets to perform complete avoidance behaviour and (b) allowing them to enter the wind farm areas with a risk of collision when doing so. We also assess the impact of variation in the size and the location of wind farms since these factors and the extent of their overlap with seabird foraging and commuting areas are likely to have a substantial impact, which can be taken into account during planning processes. The framework that we outline could be modified both for other species of mobile marine organism and other environmental pressures.
| MATERIALS AND METHODS

| Data collection
Fieldwork, licensed by the States of Alderney, to determine the behaviour and habitat use of Northern gannets took place at the breeding colony (c. 5,000 pairs), on Les Etacs, Alderney, Channel Islands (49°42′N, 2°14′W) during the early chick-rearing period in June of 2011 and 2013-2015 . Adults with chicks c. 2-4 weeks old were caught at their nest using a noose pole. Global positioning system (GPS) data recorders, logging positions every 2 min (IgotU GT 120 or IgotU GT-600, Mobile action technology), were sealed in heat shrink plastic and attached to the base of the tail using tesa extra power tape (n = 17, 16, 13, 17 birds and 34, 78, 81, 102 trips respectively) . In 2013, nine birds were also fitted with a tri-axial accelerometer (×6−2, Gulf Coast data concepts), set to record at 25 hz. The weight of the devices was <2% of the birds' body mass (GPS 33 g; GPS + accelerometer 44 g). The loggers were removed 2-3 weeks later.
| Data processing and analysis
GPS positions were interpolated to every 10 s using the adehabitatLT package (Calenge, 2006 ) in R (ver. 3.0.2, R Core Team, 2016 . The R package Trip (Sumner, 2011) was used to calculate the time spent (s) in each 5 × 5 km cell of a pre-defined grid around the colony for each bird for each year (Time-in-area or TIA grid) . In order to identify important foraging areas a second grid was created (foraging grid) by filtering the data for track tortuosity, which represents searching behaviour (Wakefield et al., 2013) . The tortuosity index was calculated as a ratio of the straight line distance to the total distance travelled over a 16-min duration (Wakefield et al., 2013) . Individuals were defined as searching where GPS points had a tortuosity index of <0.9 and a speed >1 m/s. The cells in this grid comprising the top 25% of time spent undertaking searching behaviour for all individuals combined were identified as key foraging areas (Warwick-Evans et al., 2015; Figure 1) .
A third grid (behaviour grid) was generated from the other two grids by expressing a value for each cell as the proportion of points classified as searching behaviour from the total number of points in the cell. This was used to determine the probability of foraging in each cell, rather than flying straight through it. All grids were created independently for Ethographer for IGOR Pro (Sakamoto et al., 2009 ) was used to extract behaviours from the acceleration data automatically, based on unsupervized cluster analysis of the acceleration signals as described in full in Warwick-Evans et al. (2015) . We were able to classify all periods within the first 5 days of data per bird as foraging, flying, resting on the water and diving. These were used to understand the time budgets of the gannets, in order to create the behaviour decision trees, and to assist in model validation.
| Model
| Model description
The 4 years of tracking data were combined with key parameters from peer-reviewed literature (Table 1) to design a spatially explicit model using NetLogo (Wilensky, 1999) . We describe the model using the overview, design concepts and details (ODD) protocol (Grimm et al., 2010) , and provide the script (Appendix S1). Our model builds on the IBM for guillemots devised by Langton et al. (2014) by incorporating fine-scale characteristics of the surrounding environment, direct interactions between birds and prey, and intraspecific competition.
| Purpose
The purpose of the model is to predict how the construction of proposed wind farms in the English Channel and North Sea (Figure 2 ; Appendix S2) may impact the body mass, mortality rate and breeding success of Northern gannets.
| State variables and scales
The model is composed of 5,000 family groups, each comprising an adult male, an adult female and a chick. The landscape is a grid of 5 km by 5 km patches, each with attributes such as number of fish and probability of foraging. The key state variables are described in Table 2 
| Process overview and scheduling
The main processes in the model are decision making, performing behaviours and updating mass. Behavioural processes are undertaken by all adults in the same order each timestep, at which point behaviour counters are updated. The number of prey items is updated between individuals, that is, if an individual forages successfully the prey in the patch is adjusted accordingly. Adult and chick mass are updated during the last minute of each day. Adult mortality occurs if body mass drops below a specific threshold (1,800 g). Mortality in chicks occurs if on day 90 body mass has not attained a specific threshold (1,800 g).
| Design concepts
Basic principles
The state and mortality rate of adults and chicks throughout the chickrearing period are impacted by the energy and time budgets of the adults which, in turn, are affected by the amount and distribution of prey. Energy is gained through food intake and lost through maintenance and activity. Northern gannets are long-lived and prioritize their own survival above that of the chick. 
Objectives
The adults aim to brood a chick to fledging while maintaining their own state at a healthy level.
Awareness and sensing
Adults have a memory of their behaviour during the previous timestep. They are aware of their own stomach content, whether they have previously been full during the current trip, if their chick has been fed and if it has been given the maximum food intake for the day. If an adult is on the nest they are aware of whether their partner is on the nest and who has been there longer. Adults are aware of how much food is in the patch they are on, the probability that they should forage there and if it is day-or night-time. In avoidance scenarios they are also aware of the location of wind farms, and calculate a path to their foraging location which does not enter these cells.
Interaction
The adults interact directly with the chick during feeding events and indirectly with one another via intraspecific competition for food as prey availability decreases following foraging success.
Stochasticity
Initial masses of adults and chicks are drawn randomly from normal distributions based on the literature (Table 1) . The success or failure of catching a fish, and the mass of the fish is stochastic, based on information from the literature ( Table 1 ). The destination an adult is given when leaving the nest is randomly selected from the foraging grid. It is clear from the tracking data and other studies (Pettex, Bonadonna, Enstipp, Siorat, & Grémillet, 2010 ) that gannets fly straight through some patches (commuting behaviour), whereas searching behaviour occurs in others. The behaviour grid gives the probability of a gannet foraging there, with higher probability of foraging in patches where increased searching behaviour was observed. After a gannet has reached its foraging destination the probability of moving in a given direction is determined by the amount of time tracked birds spent in the surrounding patches from the TIA grid. If a gannet enters a wind farm area, there is a probability of collision mortality.
T A B L E 1 Parameter estimates used in the individual-based models (IBM). See Appendix S8 for justification
Parameter Value Source
Initial mass of adults (g) 3286 ± 226 Wanless and Okill (1994) Initial mass of chicks (g) 79.3 ± 11.2 Montevecchi, Ricklefs, Kirkham, and Gabaldon (1984) Full (maximum mass of food the adult can hold in gut, g) 745 Garthe, Grémillet, and Furness (1999) Flyfull (maximum amount of food adult can hold in gut and be too full to commute, g)
550
Derived through iteration
Nearly empty (the mass of food in the stomach above which the gannet will remain resting during the initial long rest period, g)
150
Derived through iteration Fish size (g) 100 ± 10 Garthe et al. (1999) Chick-food-max (g) Calculated daily Montevecchi et al. (1984) Assimilation efficiency 0.76 Cooper (1978) Production efficiency 0.75 Montevecchi et al. (1984) Basal metabolic rate (j s
0.0027 Birt-Friesen, Montevecchi, Cairns, and Macko (1989) Energy density of adult gannet tissue (kJ/g) 13 Montevecchi et al. (1984) Energy density of gannet chick tissue (kJ/g) Calculated daily Derived from Montevecchi et al. (1984) Energy density of prey (kJ/g) 7 Lewis, Sherratt, Hamer, Harris, and Wanless (2003) Metabolic rate at nest (kJ g −1 min Mass below which adult is dead (g) 1,800 Garthe et al. (2012) Mass below which chick is dead (g) 1,800 Garthe et al. (2012) Digestion rate (proportion of intake per hr) 0.1 Derived from (Jackson, 1991) Observation Adult and chick mortality rate and mass are the main outputs. Trip length and behaviour budgets of adults are used for model validation.
| Initialization
The first minute of the model is the first minute of daylight on the day the chicks hatch (the model assumes all chicks hatch on the same day).
Individuals start on the nest and all behaviour counters and stomach contents initialize at zero except for the duration at the nest for males.
This initializes at 1 min in order to be higher than that of the female, instigating the departure on a foraging trip by males.
| Input data
The attributes of patches, such as the probability of movement between patches (from the TIA grid), the probability of heading to a particular patch (from the foraging grid) and the probability of foraging (from the behaviour grid) were input into the model. Areas where gannets spend more time represent areas of increased foraging, and hence areas of higher fish availability (Warwick-Evans et al., 2015) . The distribution of fish among the patches was therefore assigned by multiplying the TIA grid by a numerical constant (Appendix S5). This value was assigned iteratively in the baseline models until the physiological 
| Sub-models
Sub-models were created to decide and perform behaviours of adults, and to calculate the maximum quantity of food a chick can consume each day, the amount of energy expended by the adults, the amount of food in the stomach, and the mass of the adult and chick at the end of each day (Appendix S6).
| Model validation
To test the performance of the model, we compared the body mass of adults and chicks with values from the literature, and the trip length of adults with those from our tracked birds. Additionally, the proportion of the simulated birds performing each behaviour (on the nest, flying and foraging combined, and resting on the water) was plotted against time of day, and compared to the time budgets of birds fitted with accelerometers.
| Simulations
Initially baseline models were simulated using the tracking data from all 4 years combined, which represents the mean state of the population over the 4 years without wind farms. Subsequently, model simulations were carried out independently for each year, parameterized using year-specific tracking data. Both the baseline and the yearspecific models were run in the presence and absence of wind farms.
For the simulations in which the wind farms exist, the birds either show complete avoidance behaviour or are able to enter this area but risk mortality due to collision with a turbine as described below.
Avoidance
When the birds show avoidance behaviour they are unable to enter patches with wind farms.
Collision risk
Collision risk was calculated individually for each wind farm site using the extended Band model (Band & Band, 2012 ; Appendix S7). It was not possible to calculate exact values for each site, as some information (e.g. the amount of time the turbines would be operational) was unavailable.
Furthermore, the micro-avoidance rates (avoidance of individual turbines when in the wind farm area) of gannets are unknown and industry standard values are used (Cook, Humphreys, Masden, & Burton, 2014) .
Thus, we created a best-and worst-case scenario for each wind farm site.
The best case is with the lowest operational rate (64%) and the highest avoidance rate (99.5%), and the worst case is the highest operational rate (90%) and the lowest avoidance rate (98.9%).
In order to extend the predictions under alternative scenarios of variation in the location and size of proposed wind farms, the model was altered in three ways: (1) Current proposed sites were scaled up in size (multiplied by 2, 5, 10, 15, 20), (2) current proposed sites were replaced by placing sites in the most used 5%, 10 15%, 20% and 25% of the home range area, (3) current proposed sites were replaced with sites in random cells, covering the same extent as those in scenario 2.
| Sensitivity analysis
To determine the robustness of the model and the parameters that impacted most on the mortality rate and body mass of the adults and chicks, an individual parameter perturbation sensitivity analysis was carried out. Multiple simulations were carried out on the baseline model, where each of a key subset of the model parameters were varied singly and sequentially by a standard variability of ±10%, while maintaining the initial values for all other variables. To account for stochasticity in the outputs, simulations were repeated three times, and the mean and standard deviation of mortality rate and body mass for both adults and chicks was calculated and expressed as the percentage difference from the baseline model. Subsequently, a best-case and worst-case scenario were simulated, where all values of model parameters which resulted in an increase/decrease in mortality or body mass were adjusted by ±10% respectively.
| RESULTS
| Model validation
The baseline model accurately represented the mortality rate and physiological state of the tracked gannets at the end of the 90-day chickrearing period (Table 3) . Gannets are undoubtedly subject to mortality from other causes, however, for the purposes of this model, we use zero mortality for both adults and chicks as a baseline from which to quantify increased mortality from the installation of wind farms. Against Chick mass (kg) 3.7 ± 0.28 3.7 ± 0.24
Trip duration (hr) 24 ± 9 24 ± 5 pattern was also similar suggesting that the behaviour of the modelled birds was comparable to that of the natural population.
| Simulations
There was little evidence to suggest that the installation of the proposed wind farms would impact Alderney's population of Northern gannets.
No differences were observed in the physiological state or mortality rate of the gannets between the baseline model and models where gannets showed avoidance behaviour either for all years combined (Table 4) or for individual years (Table 5) . Simulations where the gannets entered the wind farm area and were exposed to collision risk showed minimal adult and chick mortality and no change in physiological state (Tables 4 and 5 ).
There was some evidence of inter-annual variation in the baseline models, with a lower than normal fledging mass of chicks in 2015, yet no evidence of inter-annual variation in the impacts from wind farms ( Table 5) .
As the size of the proposed wind farm sites were increased both adult and chick mortality increased, with a much greater impact when avoidance behaviour was displayed, particularly when the size of the wind farms increased considerably (Figure 4a,b) . Additionally when avoidance behaviour was displayed adult mass decreased (Figure 4c ).
These outcomes are a result of starvation, as displaced adults are forced to forage further from the colony and competition outside of the wind farm sites would be higher, as more birds are displaced. There was no impact on either adult or chick mass in the collision risk scenarios. As wind farms were placed in increasing numbers of highly used cells, both adult and chick mortality increased in the collision risk scenarios (Figure 5a,b) and adult mass decreased in avoidance scenarios ( Figure 5c ). As wind farms were placed in an increasing number of random cells, adult and chick mortality increased and adult mass decreased at a lower rate than when wind farms were placed in highly used cells ( Figure 6 ). The placement of wind farms in small areas had little impact, however, once a critical size (c. 10 times the size of current sites or 5% of the most highly used cells) was reached, mortality increased dramatically.
| Sensitivity analysis
The model was fairly robust to changes in parameter values, with changes of <10% being recorded as a result of 10% changes in the parameter value in almost all cases (Figure 7 ). Both the adults and chicks in the model were most sensitive to changes in the energy density of fish. Even in the unlikely worst-case scenario that all model parameters were inaccurate, a change in c. 30% of the adult body mass is driven mostly by the energy density and size of fish, which can be justified biologically, and could easily be adjusted in the model based on more accurate data from a given study site.
| DISCUSSION
The use of individual based models to predict the effects of environmental change is a powerful tool that is widely used in many disciplines (Grimm, 1999) . We have developed the most complex and F I G U R E 3 Behaviour budgets for (a) Accelerometer equipped Northern gannets, and (b) outputs from a baseline individual-based models (IBM) simulation for all years of data combined. Only the first second of diving behaviour was extracted from the accelerometer data, therefore there is no time budget for diving behaviour in the tracked gannets, thus flight and foraging behaviour are combined for both datasets The home range of the gannets was large in comparison to the area proposed for wind farms, which represented only 4% of all of the 5 × 5 km cells which the gannets visited. Consequently, the proportion of foraging behaviour in these areas was low and, as the areas were relatively small, the displacement distances were small, resulting in negligible effects on birds' energy budgets. Other wind farm developments may pose greater threats to different colonies. For example, the areas of proposed wind farms in the North Sea are larger (4cOffshore, 2015), and they may be harder to avoid, thus posing a higher risk to gannet colonies nearby. Northern gannets avoidance rates to entire wind farm sites (macro-avoidance) is estimated to be 64% and the rate at which birds avoid individual turbines while inside the wind farm area (microavoidance) is 98.9%-99.5% (Cook et al., 2014) . Industry standard data on the flight height of gannets indicates that only 11.3% of Northern gannets fly at a height with a risk of collision with a rotor (Cook, Johnston, Wright, & Burton, 2012) and when these data are combined in the extended Band model, used to calculate collision risk in this model, the probability of a gannet entering the wind farm and colliding with a rotating turbine is small. However, the strength of the IBM approach is that it allows cumulative impacts of collision risk across many individuals and foraging trips. Similarly alterations to energy budgets, which are low at an individual-level, are scaled up to allow prediction of population-level impacts that may be of more concern.
An increase in the size of proposed wind farms resulted in considerably higher mortality in avoidance simulations than collision risk simulations ( Figure 4 ). This highlights the considerable changes in energy budgets and increased intraspecific competition in alternative sites if large-scale installations are created and birds are forced to avoid entering the wind farm sites. This supports previous conclusions that the impacts on the energy budgets of seabirds will be higher when wind farms are larger (Drewitt & Langston, 2006; Masden et al., 2010) . This also goes some way to address concerns over the cumulative impacts of multiple wind farms within the range of a single population (Masden et al., 2010) . The sudden increase in mortality when the size of the wind farms >1,000 km 2 is likely to be specific to the English Channel because of the location of proposed wind farms in highly used areas off the north coast of France and the south coast of the UK. When wind farms are increased to this scale they displace birds from a large proportion of the highly used foraging areas, forcing them into areas with fewer prey and increased competition (Burton, Rehfisch, Clark, & Dodd, 2006) . Additionally, wind farms of this scale would result in considerably increased energetic requirements as the gannets would be forced to leave the English Channel in order to forage, and potentially overlap with other populations. For gannets at least, populations appear to have segregated foraging areas (Wakefield et al., 2013) meaning colony-specific IBMs are sufficient to address the impacts of wind farms. However, in a scenario where gannets start to overlap and/or for other species which are likely to have overlapping foraging ranges between colonies (Ainley et al., 2004 ) then a multi-colony approach to impact assessment may be appropriate. In theory this could developed within the IBM framework.
The size threshold at which the impact of wind farms would result in high seabird mortality is likely to vary between seabird colonies depending on the size and quality of the remaining available habitat after wind farm development, and on the size of the seabird populations which require resources from these areas (Busch & Garthe, 2016) . However, it is likely that for all populations there will be maximum size of wind farms, above which an increase in mortality would undoubtedly occur as a result of increased competition in remaining patches, leading to increased energy expenditure. The mass of adults decreased in all avoidance scenarios as wind farms increased in size, due to increased competition and altered energy budgets. However, the mass of chicks in the model was unaffected by these changes.
This is because adults in the model do not stop feeding the chick when their own mass decreases (as they would in reality, Ponchon et al., 2014) , and this should be addressed in future model iterations.
Collision risk from these large sites is less important, presumably due to the high micro-avoidance rate of gannets to wind turbines. In contrast, when wind farms were placed in highly used areas (more patchily distributed) or random cells, collision risk scenarios resulted in greater mortality than avoidance scenarios, as wind farm sites were more easily avoided without large alterations to energy budgets (Figures 5 and 6). The highly used cells in the model are a result of both high intensity foraging, and important commuting paths. The placement of wind farms in areas which are highly used for either of these activities may have severe implications on seabird mortality (Drewitt & Langston, 2006) . When wind farms were placed in highly used cells as opposed to random cells there was increased mortality from collision, as more birds were entering these areas to commute and to forage.
These findings highlight the relationship between the size and location of proposed wind farms, and the impact that they may have on seabird populations. Planners should avoid highly used areas when identifying potential sites for wind farms, and take into account the scale of displacement when considering the size of proposed developments.
Both the adults and chicks in the model were highly sensitive to changes in the energy density of fish ( Figure 7 ). This effect was much larger on the chicks, which were, in general, more sensitive to perturbations in model parameters than adults. The energy density of prey is directly related to the mass gain for both adults and chicks in the model, thus this result is not surprising. In natural populations the energy density of fish will vary widely, thus if dietary information specific to the focal colony is available it should be incorporated into the model. Additionally, the chicks in the model were very sensitive to the rate of digestion by adults. Indeed, this again is unsurprising, given that the rate of digestion is directly related to the amount of food available for the chicks. The rate used in the model was derived from experimental results by Jackson (1991), thus we are confident is a fairly accurate representation of the digestion rates of gannets. If this rate was faster, then impacts on chick mass would be greater in the scenarios where the adult was forced to travel further to forage in order to avoid wind farms, as less food would be available to feed the chick on the adults return from the foraging trip. However, this is unlikely to have major impacts on the outcome of the model given that the baseline model realistically represents chick growth, and thus the values used in the model are likely to be fairly accurate.
As with all modelling approaches, assumptions and simplifications to the behaviour and life history of modelled species were made, for example, that the prey type and size and the foraging efficiency of gannets breeding on Les Etacs was similar to that from the literature.
Additionally, some behavioural characteristics were simplified, for example, no foraging occurs at night, adults are never at the nest together for more than one timestep and do not interact when on foraging trips.
Consequently, birds cannot take visual cues from, or copy one another when on foraging trips (e.g. Boyd et al., 2016a,b) . Additionally, the model uses tracking data to determine the probability of a bird moving from one of the cells to any of the adjacent cells, thus cells which were not visited by our sampled birds have a probability of zero for a modelled bird to enter. We know that our sample of tracked gannets did not represent the entire home range area for the population (WarwickEvans et al., 2016) , thus some cells may be under-represented in the model. However, this is unlikely to have severe implications on the model outputs, as these cells were likely to have very low usage, and thus even if they were available in the model, few birds would use them.
There is some debate surrounding the visual observation method to determine flight heights, and Cleasby et al. (2015) proposed that this method may underestimate collision risk. Thus, an alternative value of collision risk was calculated using empirical flight height data (extracted from Cleasby et al., 2015) and applied to the model for comparison (Appendix S9). In the worst-case scenarios, considerable differences in mortality rate were obtained as a result of these changes, thus the impacts of collision mortality from proposed turbines may be larger than these initial models suggest. However, as the flight height of gannets is very site specific (Cleasby et al., 2015) , these new flight heights may not accurately represent the behaviour of gannets in the English Channel, thus, we present these data for comparison only and encourage further work to assess flight heights in other populations.
In addition, there is the potential for wind turbines to attract schooling fish (Inger et al., 2009) , which may attract gannets into the area, and potentially result in increased mortality.
Current approaches to assess the potential impacts on seabirds from proposed wind farms are based on observations within wind farm sites, making assumptions about the origins of these birds (Camphuysen, Fox, Leopold, & Petersen, 2004) . However, legislation manages seabirds at the colony-level through the designation of SPAs (Wilson et al., 2009) . Detecting change in the numbers of birds offshore is hard using this approach, as there is large spatial and temporal variation in seabird numbers at any given offshore location (Maclean, Rehfisch, Skov, & Thaxter, 2013) . Individual-based models are colony specific, thus, we propose that predictions from IBMs are superior to predictions based on observation data only, as they take into account the cumulative impact of disturbances within the foraging area of a colony. Although, the model was parameterized for breeding adults, with hatched chicks, it can be easily adapted for other individuals in the colony (e.g. non-breeders, incubating birds) and for other gannetries by maintaining the model structure and input parameters and simply changing the spatial environment.
In addition to a management tool, IBMs increase our understanding about the species' breeding ecology by mechanistically linking foraging behaviour to physiological state and breeding success (Stillman, 2008; Zurell et al., 2015) . The modelled inter-annual variation in breeding Despite the limitations discussed above, we believe that this model is a substantial improvement on previous models predicting the effects of environmental change on seabirds. This model could easily be adapted to predict the impacts from other examples of spatial change, such as oil spills (Montevecchi et al., 2012) , fisheries depletion (Gremillet, Peron, Provost, & Lescroel, 2015) , changes to fisheries bycatch policies (Votier et al., 2010) or comparing the likely success of proposed MPAs (Pichegru et al., 2012) . Furthermore, it could be modified for other seabird species for which tracking data are available if the behaviour and physiology of the species is reasonably well understood, and the tracking data sufficiently represents the home range of the population (Soanes, Arnould, Dodd, Sumner, & Green, 2013) .
We demonstrate that this is a strong approach and should be implemented widely to predict the potential impacts from environmental change and assist policy makers when establishing management plans.
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